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Introduction
Few topics in international economics have been examined as extensively as technology transfer from foreign affiliates to domestic firms, and the amount of empirical research in this area is still growing at an exponential rate, with more than a score of studies published in the last two years alone. The topic is so attractive because the assumed externality associated with the transfer, "technology spillover," constitutes the principal rationale for government subsidies to foreign direct investment (FDI) . Many policy makers who encourage inward FDI expect that domestic firms in the same sectors can benefit from know-how brought by foreigners, that firms in supplier sectors can benefit from direct knowledge transfers from foreigners, and perhaps also that firms in customer sectors can benefit from higher-quality intermediate inputs produced by foreigners. While foreign affiliates will try to prevent the transfer of technology to their competitors, foreigners have incentives to provide assistance to domestic suppliers since they want to ensure a high quality and on-time delivery of inputs. Thus the recent literature particularly emphasizes the between-sector linkages (Javorcik, 2004a; .
The per-job value of spillovers stirred up by linkages can be compared with the amount of government subsidies, as Haskel et al. (2007) do; hence, for policy recommendations precise estimates of spillovers are required.
But even if we could not estimate the general effect, we can still explore the determinants that drive spillovers. Indeed, most of the recent research focuses on the heterogeneity in spillovers due to the different characteristics of the host countries, domestic firms, and foreign investors.
The theoretical model of Rodriguez-Clare (1996) implies that spillovers to supplier sectors rise with the transportation costs between the foreign affiliate and its headquarters; corroborates this proposition using data from Romania. For Lithuania, Javorcik (2004a) finds that fully owned foreign affiliates create less beneficial linkages than projects with joint domestic and foreign ownership. Using data from Indonesia, emphasize the role of the absorption capacity of domestic firms on spillovers. In a theoretical model and calibration exercise, Alfaro et al. (2010) identify the level of development of the financial system of the host country as a major spillover determinant.
To take a step beyond single-country case studies and examine the sources of heterogeneity in a systematic way, we employ the meta-analysis methodology (Stanley, 2001) . Meta-analysis, the quantitative method of research synthesis, has been commonly used in economics for two decades (Card & Krueger, 1995; Smith & Huang, 1995; Ashenfelter et al., 1999) . Recent applications of meta-analysis in international economics include Disdier & Head (2008) on the effect of distance on trade, Cipollina & Salvatici (2010) on reciprocal trade agreements, and Havranek (2010) on the trade effect of the euro. Meta-analysis is more than a literature survey: it sheds light on the determinants of the examined phenomenon that are difficult to investigate in primary studies because of data limitations. In comparison with previous meta-analyses on productivity spillovers (Görg & Strobl, 2001; Meyer & Sinani, 2009 ), this paper concentrates on between-sector instead of within-sector spillovers. We also include more estimates to investigate the full variability in the literature: 3,626 compared with 25 and 121. Finally, the previous meta-analyses used the reported t-statistics to evaluate the statistical significance of spillovers, whereas this paper uses an economic measure of spillovers and employs new synthesis methods.
We seek answers to three main questions. First, what is the unconditional spillover effect? It would be helpful to determine whether the literature indicates some general effect, or whether all positive results are country-or sector-specific. Novel meta-analysis methods allow us to estimate the underlying economic effect net of publication selection (the possible preference for significant or positive results) and misspecification biases. Second, is FDI from certain countries systematically more beneficial for domestic firms? Primary studies on spillovers do not usually have access to detailed information on the nationality of foreign investors. The metaanalysis approach is convenient as it can exploit the results for all 47 countries examined in the literature: Using inward FDI stocks as weights, we construct variables reflecting the differences between the host country of FDI and its source countries. Third, do some host countries receive greater spillovers? We create country-specific variables capturing macroeconomic determinants of spillovers and control for the aspects of data, methods, and study quality.
The remainder of the paper is structured as follows: Section 2 describes how spillovers are estimated and how we collected the estimates. Section 3 examines the underlying effect beyond publication bias. Section 4 investigates structural and method heterogeneity in the literature. Section 5 concludes. Appendix A provides meta-analyses for individual studies and countries, and Appendix B lists all the studies used in the meta-analysis.
The Spillover Estimates Data Set
Studies on technology spillovers from FDI usually examine the correlation between the productivity of domestic firms and their linkages with foreign affiliates. 1 With an allusion to the production chain, the linkages are usually classified into horizontal (within-sector: from FDI to local competitors) and vertical (between-sector); vertical linkages are further bifurcated into downstream (backward: from FDI to local suppliers) and upstream (forward: from FDI to local buyers). Most researchers use data from one country and estimate a variant of the following model, the so-called FDI spillover regression: ln Productivity ijt = e h 0 ·Horizontal jt +e b 0 ·Backward jt +e f 0 ·Forward jt +α·Controls ijt +u ijt , (1) where i, j, and t denote firm, sector, and time subscripts, and Controls denote a vector of either sector-or firm-specific control variables. The variable Horizontal is the ratio of foreign presence in firm i 's own sector, Backward is the ratio of firm i's output sold to foreign affiliates, and
Forward is the ratio of firm i's inputs purchased from foreign affiliates. Because firm-level data on linkages with foreign affiliates are usually unavailable the vertical linkages are computed at the sector level: Backward becomes the ratio of foreign presence in downstream sectors,
Forward becomes the ratio of foreign presence in upstream sectors; the weight of each upstream or downstream sector is determined by the input-output table of the country.
The relative homogeneity of FDI spillover regressions allows us to meta-analyze the economic effect of spillovers. Since the response variable is in logarithm and linkage variables are ratios the estimates of coefficients e h 0 , e b 0 , and e f 0 can be interpreted as the semi-elasticities and thus constitute the natural common metric for the spillover literature. In meta-analysis, semi-elasticity was previously used by Rose & Stanley (2005) or Feld & Heckemeyer (2009) .
In our case semi-elasticity is convenient for interpretation since it approximates the percentage increase in the productivity of domestic firms following an increase in the foreign presence of one percentage point: e 0 ≈ (% change in productivity)/(change in foreign presence), foreign presence ∈ [0, 1]. (2) For instance, the estimate e b = 0.1 implies that a 10-percentage-point increase in foreign presence is associated with a 1% increase in the productivity of domestic firms in upstream sectors. The estimates are directly comparable across studies that use the log-level specification. 2 Within this framework, however, researchers use different methodologies and data sets, which cause substantial differences in results. We address these differences in Section 4 by including variables capturing method and structural heterogeneity.
The term "spillover" is overused in the literature; both horizontal and vertical semi-elasticities in (1) also capture effects other than technological externalities. As for horizontal linkages, the entry of foreign companies can lead to greater competition in the sector. Greater competition can either increase (through reducing inefficiencies) or decrease (through reducing market shares) the productivity of domestic firms. Neither case represents a technology transfer, and the coefficient e h 0 thus captures the net effect of technology spillovers and competition on productivity. As for vertical linkages, in the supplier-customer relationship the recipient of technology is clearly identifiable, and foreigners may be able to internalize the benefits Keller, 2009) . Anecdotal evidence suggests that compensations may indeed occur, though usually in an indirect form. For instance, in transition countries multinational companies are known to be hard bargainers: the discounted price of inputs that they often require likely reflects the future assistance and considerable prestige associated with such orders. For simplicity, we follow the convention to call the productivity semi-elasticities the "spillovers." The key takeaway is that even positive and economically significant estimates of semi-elasticities do not necessarily call for governments to subsidize FDI.
A vast majority of the recent studies on FDI spillovers concentrate on vertical linkages, and vertical linkages are also the main focus of this paper. The two meta-analyses on horizontal spillovers, however, could not have used the recently developed meta-analysis methods. For this reason, additionally we present a partial meta-analysis of horizontal spillovers. In the partial meta-analysis, we include only those semi-elasticities that are estimated in the same regression with vertical spillovers.
We employed the following strategy for literature search: After reviewing the references of literature surveys (Görg & Greenaway, 2004; Smeets, 2008; Meyer & Sinani, 2009 ) and a few recent empirical studies, we elaborated a baseline search query that was able to capture most of the relevant studies. The baseline search in EconLit yielded 108 hits. 3 Then, we searched three other Internet databases (Scopus, RePEc, and Google Scholar) and added studies that were missing from the baseline search. Finally, we investigated the RePEc citations of the most influential study, Javorcik (2004a) . The three steps provided 183 prospective studies, which were all examined in detail. The last study was added on 31 March 2010.
Studies that failed to satisfy one or more of the following criteria were excluded from the meta-analysis. First, the study must report an empirical estimate of the effect of vertical linkages on the measure of the productivity of domestic firms. Second, the study must define vertical linkages as a ratio. Third, the study must report information on the precision of estimates (standard errors or t-statistics), or authors must be willing to provide it. Most of the identified studies, although related to the FDI spillover literature, did not estimate vertical spillovers.
We excluded a few studies that estimated vertical spillovers but did not define linkages as a ratio and thus could not be used to compute semi-elasticity (for example, Kugler, 2006; Bitzer et al., 2008) . We often had to ask the authors for sample means of linkage variables or for clarification of their methodology: about 20% of the studies could be included thanks to cooperation from the authors. 4 No study was excluded on the basis of language, form, or place of publication; we follow Stanley (2001) and rather err on the side of inclusion in all aspects of data collection. We therefore also use studies written in Spanish and Portuguese, Ph.D. dissertations, articles from local journals, working papers, and mimeographs; and control for study quality in the analysis. The final sample consists of studies that are listed in Appendix B.
The complete list of excluded studies with reasons for exclusion is available in an online appendix at meta-analysis.cz/spillovers.
Following the recent trend in meta-analysis (Disdier & Head, 2008; Doucouliagos & Stanley, 2009; Cipollina & Salvatici, 2010) , we use all estimates reported in the studies. If we arbitrarily selected the "best" estimate from each study, we could introduce an additional bias, and if we used the average reported estimate, we would discard a lot of information. Because the coding of the literature involved the manual collection of thousands of estimates with dozens of variables reflecting study design, both of us collected all data independently to eliminate errors. The simultaneous data collection took three months and the resulting disagreement rate, defined as the ratio of data points that differed between our data sets, was 6.7% (of more than 200,000 data points). After we had compared the data sets, we reached a consensus for each discordant data point. The retrieved data set with details on coding for each study is available in the online appendix.
A few difficult issues of coding are worth discussing. To begin with, some studies (3.7% of the observations; for instance, use the so-called regional definition of vertical spillovers. Researchers using the regional definition approximate vertical linkages by the ratio of foreign firms in the region, without using input-output tables. Such an approach does not distinguish between backward and forward linkages. Because the results are interpreted as vertical productivity spillovers from FDI, we include them in the analysis but create a dummy variable for this aspect of the methodology. Next, many researchers use more variables for the same type of spillover in one regression. For example, Javorcik (2004a) separately examines the effect of fully owned foreign affiliates and the effect of investments with joint foreign and domestic ownership. Since the distinction between those coefficients is economically important, we use both of them and create dummies for affiliates with full foreign ownership, partial ownership, and for more estimates of the same type of spillover taken from one regression. Finally, some studies report coefficients that cannot be directly interpreted as semi-elasticities. This concerns, most notably, specifications different from the log-level (1.7% of the observations); for these different specifications we evaluated semi-elasticity at sample means. Other studies use the interactions of linkage variables with other variables, typically absorption capacity (7.2% of the observations). Instead of omitting those estimates, we evaluate the marginal effects of foreign presence at sample means and control for this aspect in the multivariate analysis. 5
The resulting data set includes 3,626 estimates of semi-elasticity taken from 57 studies, of which 27 are articles published in refereed journals, 2 are book chapters, and 28 are other publications including working papers and dissertations. The median number of estimates taken from one study is 45, and for each estimate we codified 55 variables reflecting study design. To put these numbers into perspective, consider Nelson & Kennedy (2009) , who review 140 metaanalyses conducted in economics. They report that a median analysis includes 92 estimates (the maximum is 1,592) taken from 33 primary studies and uses 12 explanatory variables (the maximum is 41).
The oldest study in our sample was published in 2002 and the median study in 2008: in other words, a half of the studies was published in the last three years, which suggests that vertical spillovers from FDI are a lively area of research. The whole sample receives approximately 400 citations per year in Google Scholar. The median time span of the data used by these primary studies is 1996-2002, and all the studies combined use almost six million observations from 47 countries. While we cannot exploit the variability of the primary observations, we benefit from the work of 107 researchers that have analyzed these data thoroughly. The richness of the data sets and methods employed enables us to systematically examine the heterogeneity in results and to establish robust evidence for the effect of foreign presence on domestic productivity.
Several estimates of semi-elasticity do remarkably differ from the main population and remain so even after a careful re-checking of the data; a similar observation applies to the precision of the estimates (the inverse of standard error). Such extreme values, most of which come from 5 For example, if the spillover regression is specified in the following form: ln Productivity ijt = e b 1 ·Backwardjt + e b 2 · Backwardjt · ACijt + α · Controlsijt + uijt, where AC denotes absorption capacity, we use the estimate of e b 0 = e b 1 + e b 2 · AC. to approximate semi-elasticity. We approximate the corresponding standard error as the estimate of Se(e b 0 ) = Se 2 (e b 1 ) + Se 2 (e b 2 ) · AC 2 .
working papers and mimeographs, might lead to volatile results and degrade the graphical analysis. To account for outliers, some other large meta-analyses use the Grubbs test (Disdier & Head, 2008; Cipollina & Salvatici, 2010) . But because we use precision to filter out publication bias, outlying values in precision could also invalidate the results. Thus, to detect outliers jointly in semi-elasticity and its precision, we use the multivariate method of Hadi (1994) . By this procedure, run separately for each type of spillover, 4.87% of the observations are identified. It is worth noting that some researchers argue for using all observations in meta-analysis (Doucouliagos & Stanley, 2009 ). Nevertheless, under the assumption that better-ranked outlets publish more reliable results, the estimates identified here as outliers are of lower quality compared to the rest of the sample, 6 and although in the remainder of the paper we report the results for the data set without outliers, the inclusion of outliers does not affect the inference.
These additional results are available on request.
The simple mean of the estimates of backward spillovers reaches 0.41 and is significantly different from zero at the 5% level, suggesting that an increase in foreign presence of 10 percentage points is associated with an increase in the productivity of domestic firms in upstream sectors of 4.1%, an economically important value. For forward spillovers the average is insignificant, and for horizontal spillovers it is statistically significant but economically negligible (−0.04). Nevertheless, these preliminary results should be treated with caution since they do not account for different study quality, within-study dependence, and, most notably, publication bias.
Consequences of Publication Bias
Most narrative reviews of empirical literature only consider studies published in high-quality journals. We begin the analysis with a set of such studies to illustrate how the restriction of the sample may, under realistic conditions, lead to biased conclusions concerning the strength of the examined phenomenon. We define high-quality journals for spillover literature as the leading outlets in international economics (Journal of International Economics), international business (Journal of International Business Studies), and development economics (Journal of Development Economics). Naturally, one study published in the American Economic Review is also included in the subset, increasing the number of identified studies to seven. The selected journals have the highest impact factor in the sample, and if we added the journal with the next highest impact factor (The World Economy) the inference would be similar. Table 1 summarizes the qualitative results of studies published in high-quality journals. We add Kugler (2006) to the table since the study is frequently cited in the literature, even if its quantitative results are incomparable with studies in our sample. The evidence for positive and significant backward spillovers is unequivocal, but no such consensus emerges for forward and horizontal spillovers: some researchers report positive effects of forward linkages and negative 6 Studies that produce outliers have a significantly lower impact factor compared with the rest of the sample: the p-value of the t-test is 0.02 when the recursive RePEc impact factor is used. The advantage of the RePEc ranking is that it also includes working paper series; nevertheless, the results are similar when we use the Journal Citation Report (Thompson) impact factor, Scientific Journal Ranking (Scopus) impact factor, or eigenfactor score (www.eigenfactor.org). The simple average will be a biased estimate of the "true" spillover if some results are more likely than others to be selected for publication. Publication selection bias, which has long been recognized as a serious issue in empirical economics research (De Long & Lang, 1992; Card & Krueger, 1995; Ashenfelter & Greenstone, 2004; Stanley, 2005) , arises from the preference of editors, referees, or authors themselves for results that are statistically significant or consistent with the theory. Publication bias is likely to be stronger in areas with less theory competition, where a particular sign of estimates is inconsistent with any major theory; this hypothesis is supported empirically by Doucouliagos & Stanley (2008) . Selection for significance amplifies this bias and creates a bias of its own every time the underlying effect is different from zero because the estimates with the wrong sign are less likely to be statistically significant.
The consequences of publication selection differ at the study and literature levels. For a well-known example, consider the effect of currency unions on within-union trade: it may be beneficial for an individual study to discard negative estimates since they are likely to result from model misspecification (or, in other words, there is no major theory consistent with the negative effect of common currency on trade). If, however, all researchers discard negative estimates, but some report large positive estimates that are also due to misspecification, the average impression from the literature will be biased towards a greater positive effect. This is precisely what the recent meta-analyses find (Rose & Stanley, 2005; Havranek, 2010) . Publication bias affects While in the first meta-analysis of spillovers from FDI, Görg & Strobl (2001) identified publication bias among horizontal spillovers, in the last decade the selection for significance or positive signs has been more likely among backward spillovers. The change is due to increased theory competition for horizontal spillovers after the skeptical study of Aitken & Harrison (1999) was published, and to the last decade's consensus that backward spillovers are more important than forward and horizontal, following Javorcik (2004a) and . We first examine publication bias among studies published in high-quality journals, because outlets with higher standards require (or may be expected to require by authors) more intensive polishing, which could result in stronger publication bias.
A common method of detecting publication bias is an informal examination of the so-called funnel plot (Stanley & Doucouliagos, 2010) . The funnel plot depicts the estimated semielasticity on the horizontal axis against the precision of the estimate on the vertical axis. While the most precise estimates are close to the true effect, the less precise are more dispersed; hence the cloud of estimates should resemble an inverted funnel. In the absence of publication bias the funnel is symmetrical since all imprecise estimates have the same chance of being reported.
The funnel plots for the estimates taken from high-quality journals are presented in the top panel of Figure 1 . For backward spillovers, we detect strong publication bias: imprecise negative estimates of backward spillovers are almost entirely missing. According to the top portion of the funnel the simple average, 1.14, clearly exaggerates the true effect that seems to be small and hardly economically important; the average of the 10% of the most precise estimates is merely 0.05. On the other hand, forward and horizontal spillovers show only slight traces of publication bias: the right tail of the funnel for forward spillovers and the left tail for horizontal spillovers are somewhat heavier, but this can be due to sampling error. Although such visual tests are useful, they are inevitably subjective, and a more formal examination is thus necessary.
When the literature is free of publication bias the estimates of semi-elasticities are randomly distributed around the true population effect, e 0 . If, however, some estimates end in the file drawer because they are insignificant or have an unexpected sign, the reported estimates will be correlated with their standard errors (Card & Krueger, 1995; Ashenfelter et al., 1999) :
where β 0 measures the strength of publication bias. For instance, if a statistically significant effect is required, an author who has few observations may run a specification search until the estimate becomes large enough to offset the high standard errors. Specification (3) can be interpreted as a test of the asymmetry of the funnel plot; it follows from rotating the axes of the plot and inverting the values on the new horizontal axis. A significant estimate of β 0 then provides formal evidence for funnel asymmetry. Because specification (3) is likely heteroscedastic (the explanatory variable is a sample estimate of the standard deviation of the response variable; the heteroscedasticity is also apparent from the funnel plots), in practice it is usually estimated by weighted least squares (Stanley, 2005 (Stanley, , 2008 :
Specification (4), often called the "meta-regression," likewise has a convenient interpretation: if the true semi-elasticity (e 0 ) is zero and if only positive and significant estimates are reported, the estimated coefficient for publication bias (β 0 ) will approach two, the most commonly used critical value of the t-statistic. It follows that the estimates of β 0 that are close to two signal serious selection efforts. Monte Carlo simulations and many recent meta-analyses suggest that this parsimonious test is also effective in filtering out publication bias and estimating true semi-elasticity (Stanley, 2008) .
Since we use more estimates from each study, it is important to take into account that estimates within one study are likely to be dependent (Disdier & Head, 2008) . Therefore, (4) is likely to be misspecified. A common remedy is to employ the mixed-effects multilevel model, which allows for unobserved between-study heterogeneity (Doucouliagos & Laroche, 2009; Doucouliagos & Stanley, 2009 ):
where i and j denote estimate and study subscripts. The overall error term (ξ ij ) consists of study-level random effects (ζ j ) and estimate-level disturbances ( ij ), and its variance is additive because both components are assumed to be independent: Var(ξ ij ) = ψ + θ, where ψ denotes within-study variance and θ between-study variance. When ψ approaches zero the benefit of using the mixed-effect multilevel estimator instead of simple ordinary least squares (OLS) becomes negligible. To put the magnitude of these variance terms into perspective the withinstudy correlation is useful: ρ ≡ Cor[t ij , t i j |Se(e ij ), Se(e i j )] = ψ/(ψ + θ). It represents the degree of dependence of the estimates reported within the same study, or equivalently, the degree of between-study heterogeneity.
The mixed-effects multilevel model is analogous to the random-effects model commonly used in panel-data econometrics. The terminology, however, follows hierarchical data modeling: the model is called "mixed-effects" since it contains a fixed (e 0 ) as well as a random part (ζ j ). For the purposes of meta-analysis the multilevel framework is more suitable because it takes into account the unbalancedness of the data (the restricted maximum likelihood estimator is used instead of generalized least squares) and allows for nesting multiple random effects (author-, study-, or country-level), and is thus more flexible (Nelson & Kennedy, 2009) . Table 2 presents the results of the test of publication bias and the true effect for studies published in high-quality journals. Because we have few of such studies (especially for forward spillovers), the study-level random effect will hardly be normally distributed; hence, as a robustness check, we report OLS with standard errors clustered at the study level. 8 The results
confirm that publication bias is present among the estimates of backward spillovers. Although in the mixed-effects model the estimate of β 0 is significant only at the 10% level (p-value = 0.055), evidence for publication bias is solid considering that this test is known to have relatively low power (Stanley, 2008) and that OLS reports an estimate that is significant at the 1% level. The magnitude of publication bias is high (1.12 for mixed effects and 1.96 for OLS), which implies a substantial selection for significance or positive signs in high-quality journals.
The estimated true effect of backward linkages, net of publication selection, is insignificant. As for forward and backward spillovers, the estimated true effects are also insignificant, and we find no evidence of publication bias.
The meta-regression analysis shows how the estimated effect of backward linkages decreases from a large and significant value (the overall impression from Table 1 or the simple average) to a small and insignificant value when publication selection bias is filtered out from high-quality
journals. An important finding is that the selection is more prominent among the results that are deemed to be more important (backward spillovers) than among the bonus results (forward and horizontal spillovers). Since the important results determine the main message of the study, they are more likely to be polished.
While estimates from studies published in high-quality journals are our most reliable observations, we need to include more studies to diminish the sampling error. The funnel plots for the full sample of studies are depicted in the bottom panel of Figure 1 and are clearly symmetrical.
The meta-regression results, reported in Column 1 of Table 3 , suggest that all types of spillover are free of publication bias. When we consider only estimates from studies published in refereed journals (Column 2), publication bias is detected for backward spillovers, and its magnitude is only slightly lower than in high-quality journals.
A question remains open whether the selection is caused by the preference of journals or by the preference of authors. Nevertheless, since there is no publication bias in the literature as a whole, the results indicate that a majority of researchers do not expect significant and positive estimates to be more publishable and do not polish working papers in that respect. Indeed, the average reported estimate of backward spillovers reaches 0.88 in journal articles, but merely 0.22 in unpublished papers.
tests suggest that the nested effects are insignificant, and we thus use study-level random effects (or study-level clustering) for all regressions in this paper. A Stata program is available at irsova.info/meta-analysis. Note: Standard errors in parentheses. Response variable: t-statistic of the estimate of semi-elasticity. Robust = the simple random-effects meta-analysis is run for each study separately; then, using an MM-estimator, the meta-regression is run on the results. All = all estimates. Published = only estimates from studies published in refereed journals. Homogeneous = only estimates for which no adjustment was needed, which use the standard definition of spillover variables, and which come from firm-level panel-data studies. * * * , * * , and * denote significance at the 1%, 5%, and 10% levels.
For all types of spillovers the within-study correlation is approximately two times higher among journal articles than among unpublished papers, which suggests that journal articles are more heterogeneous. Perhaps the greater heterogeneity arises from the greater originality that is required from a publishable manuscript. In any case the within-study correlation is substantial for all specifications (0.25-0.79), and the hypothesis of no between-study heterogeneity is rejected at the 1% level by likelihood-ratio tests in favor of the mixed-effects model.
As a robustness check, we consider only one estimate representing each study. Instead of arbitrarily selecting the "best" estimates, we approximate the representative estimates by the socalled simple random-effects meta-analysis. The simple meta-analysis weighs each estimate by its precision and adds an estimate-level random effect to account for within-study heterogeneity;
the procedure is robust, and hence we also include the observations previously identified as outliers. 9 Since some studies provide only a few estimates, simple meta-analysis is more suitable for summarizing individual studies than is the meta-regression, because the meta-regression needs more degrees of freedom. The representative estimates for each study are reported in Table A1 . Consequently, the meta-regression is run on the representative estimates using a robust MM-estimator (Verardi & Croux, 2009 ). The results are consistent with the mixedeffects model.
The estimated semi-elasticity beyond publication bias is consistently positive and significant across all specifications for vertical spillovers, but the semi-elasticity for horizontal spillovers is consistently insignificant. For inferences concerning the magnitude of spillovers we prefer a more homogeneous subset that consists only of estimates which come from firm-level panel-data studies, which use the standard definition of spillover variables, and for which no computation of the marginal effect was needed (Column 3 of Table 3 ). The preferred estimate suggests that a 10-percentage-point increase in foreign presence is associated with a 3% increase in the productivity of domestic firms in upstream sectors, an effect four times smaller than the simple average of estimates published in high-quality journals. For domestic firms in downstream sectors the increase in productivity is only 0.7%.
Therefore, when we use all available studies and account for publication bias and unobserved heterogeneity, backward spillovers are found to be economically important, forward spillovers to be statistically significant but small, and horizontal spillovers to be insignificant. Since these effects are average across all countries and methods, we need multivariate analysis to explain the vast differences in the reported effects. The reported effects may be systematically influenced by misspecifications or other quality aspects. In the next section, focusing only on backward spillovers as the most important channel of technology transfer, we relax the assumption that all heterogeneity across studies is unobservable and describe the determinants of spillovers.
What Explains Heterogeneity
The recent literature on productivity spillovers emphasizes that the benefits of FDI depend on the characteristics of host countries, individual recipient firms, and foreign investment (Crespo & Fontoura, 2007; Smeets, 2008; Meyer & Sinani, 2009) . We label such differences in reported estimates "structural heterogeneity" to distinguish them from the heterogeneity that is caused by the use of different methods. Concerning cross-country structural heterogeneity, Figure 2 depicts the differences in the estimates of backward spillovers reported for European countries.
The figure is based on the simple random-effects meta-analysis run separately for each country;
the numerical results are summarized in Table A2 . It is readily apparent that the effects of backward linkages are substantially heterogeneous. While at this point it is difficult to draw general conclusions, the figure, in line with Bitzer et al. (2008) , suggests that Central-Eastern European countries may benefit relatively more from foreign investment.
Although a lot of these differences are likely to be caused by the different methods used, we 9 The random-effects meta-analysis is a weighted average with the weight of the ith estimate from the jth study equal to 1/[Se 2 (eij) +τj], where eij ∼ N (ej0, τj). Figure 2 : Cross-country heterogeneity in backward spillovers find heterogeneity even among the results of studies employing the same method to examine more countries (for instance, or among countries examined by many studies. The results for Romania and the Czech Republic provide an illustrative example. Since researchers often choose transition countries to investigate FDI spillovers, for both countries we have eight studies employing a large variety of methods. The estimated semi-elasticity for Romania reaches 0.27, but for the Czech Republic it is negative and reaches −0.15, both significant at the 5% level. On the other hand, to visualize the high degree of heterogeneity due to different methodologies, Figure A1 shows a box plot of studies on China. Clearly both structural and method heterogeneity play an important role in the spillover literature and have to be accounted for in a multivariate framework. While it is the structural heterogeneity that is of principal interest, ignoring the differences in method and publication characteristics could lead to misleading results because some countries are only examined by one study. Table 4 presents the descriptions and summary statistics of variables that may influence the reported magnitude of spillovers. We divide them into five blocks: variables explaining structural heterogeneity represent the real determinants, data characteristics represent the properties of the data used, specification characteristics represent the basic design of the tested models, estimation characteristics represent the econometric strategy, and publication characteristics represent the differences in quality not captured by the data and method variables. Structural heterogeneity The structural block includes five variables that are computed at the host-country level and three dummy variables that reflect the characteristics of FDI and domestic firms. For the country-specific variables, we select values from 1999, the median year of the data used in primary studies. This approach can be supported by three reasons: First, because of data limitations it is not feasible to construct the variables as study-specific averages over the data periods of the individual studies. Second, all the studies were published between 2002 and 2010, and most of them use short and similar data periods. Third, we are interested in the relative differences between countries. When studies pool together data for more countries in one spillover regression (there are two such studies), we use population-weighted values for all variables.
Our main aim is to test the implications of the theoretical model by Rodriguez-Clare (1996) , which indicates that positive backward spillovers are more likely to occur when the costs of communication between the foreign affiliate and its headquarters are high and when the source and host country of FDI are not too different in terms of the variety of intermediate goods produced. As suggested by Rodriguez-Clare (1996) , communication costs can be approximated by the distance between the host and source countries of FDI, and country similarity can be approximated by the difference in the level of development. Both implications have an intuitive interpretation: On the one hand, investors from distant countries are likely to use more local inputs since it is expensive for them to import inputs from home countries; on the other hand, investors from much more developed countries are likely to use less local inputs since local firms are often unable to produce intermediate goods that would comply with the quality standards of the investors. A higher share of local inputs indicates more linkages with local firms and a greater potential for technology transfer.
To create a variable that would reflect the distance between the host country and its source countries of FDI, we need each country's geographic breakdown of inward FDI stocks, but such information is not always directly available. Hence, we use breakdowns of outward FDI positions of OECD countries provided by the OECD's International Direct Investment Statistics to reconstruct the breakdowns of inward FDI for all 47 countries that have been examined in the spillover literature. In 1999, OECD countries accounted for more than 85% of the world stock of outward FDI. We additionally obtain breakdowns from the statistical offices of the next three most important source countries of FDI: Hong Kong, Taiwan, and Singapore, which increases the total coverage to 95%. It is necessary to take into account that some authors in Germany, and 10% in Japan, the average distance of foreign affiliates in Mexico from their headquarters would be 0.7 · 1,600 + 0.2 · 9,500 + 0.1 · 11,000 = 4,120 kilometers. We employ a similar approach to calculate the average technology gap of host countries with respect to the stock of inward FDI, measuring the development of the country as GDP per capita. The source of the data, similar to all remaining country-specific variables with the exception of patent rights, is the World Bank's World Development Indicators.
Another important determinant of spillovers is the international experience of domestic firms, which we approximate by the trade openness of the country. Firms with international experience may benefit more from backward linkages since they are used to trading with foreign firms and, for example, have employees with the necessary language skills. Such firms have a higher capacity to absorb spillovers; on the other hand, since they are already exposed to foreign firms in international markets they may have less potential to learn from foreign investors. But firms exposed to international competition are also more likely to produce intermediate goods required by foreign affiliates, and hence, in line with Rodriguez-Clare (1996) , may benefit from greater spillovers.
As a major precondition of positive spillovers, many researchers stress the financial development of the host country (Javorcik & Spatareanu, 2009; Alfaro et al., 2010) : if domestic firms have difficulty obtaining credits, they react rigidly to the demand of foreign affiliates, and the sluggish response can result in fewer linkages. On the other hand, if the inflow of FDI eases the existing credit constraints of domestic firms by bringing in scarce capital (Harrison et al., 2004) , better credit terms reflect in higher productivity, and the benefits of FDI are more important in countries with tougher credit constraints. We approximate the development of the financial system by the ratio of private debts to GDP.
Since countries with weak protection of intellectual property rights are likely to attract relatively low-technology investors (Javorcik, 2004b) , the potential for technology transfer in these countries is likely to be lesser. If a smaller technology gap, however, contributes to more linkages because of the greater similarity between foreign and domestic firms then the effect will be opposite. Additionally, weak protection of intellectual property enables domestic firms to copy foreign technology with less cost. To approximate the protection of intellectual property, we choose the Ginarte-Park index of patent rights; the source of the data is Walter G. Park's website 10 and Javorcik (2004b) . The index is calculated once every five years, and values for 1999 are unavailable. Because Javorcik (2004b) computed the 1995 index for most of the originally missing transition countries that we need, we use the values for 1995. If we replace them by values for 2000 the results will remain similar.
The other structural variables are dummies capturing the degree of foreign ownership used to define foreign presence or the investigated sector of the domestic economy. Many researchers argue that fully owned foreign affiliates create fewer spillovers compared with joint foreign and domestic projects since joint projects will arguably use technology that is more accessible to domestic firms. Some authors estimate spillovers separately for service sectors, which allows us to test the hypothesis that firms in services, compared with manufacturing firms, are less likely to benefit from linkages. Firms in services may lack international experience since they exhibit lower export propensity.
Data characteristics Following Görg & Strobl (2001) we include dummy variables for crosssectional data and aggregation at the sector level, even though more than 90% of the estimates come from firm-level panel-data studies. Because the size of data sets used by primary studies varies substantially, we control for the number of years and firms to find out whether smaller studies report systematically different outcomes. We include the average year of the data period to control for possible structural changes in the effects of FDI. Finally, because a large part of studies on European countries use data from the same source (the Amadeus database), we include a corresponding dummy variable.
Specification characteristics
The variables capturing method heterogeneity are roughly divided into specification and estimation characteristics. Concerning specification characteristics, we construct dummies for the inclusion of the other spillover variables in the same regression (forward and horizontal), the proxy for foreign presence (most studies use share in output, others in employment or equity), the subset of firms used for the estimation of spillovers (whether all firms or only domestic are included), the inclusion of important control variables (sector competition and demand in downstream sectors), the control for absorption capacity, and the use of a lagged, instead of a contemporaneous, linkage variable.
Estimation characteristics Although the majority of studies use total factor productivity (TFP) as the measure of productivity, some estimate spillovers in one step using output, value added, or labor productivity as the response variable. When computing TFP, most authors take into account the endogeneity of input demand and use the Levinsohn-Petrin or Olley-Pakes method, but 10% of all estimates are computed using OLS. In the second step, TFP is regressed on the linkage variable, and the estimation is usually performed using firm fixed effects. We create dummies for random effects and pooled OLS as well as for the inclusion of year and sector fixed effects. Approximately a half of the regressions are estimated in differences.
A general-method-of-moments estimator (GMM) is employed by 9% of the regressions, and the translog production function instead of the Cobb-Douglas function is employed by 8% of them.
Publication characteristics To control for the different quality of studies, we include a dummy for publication in refereed journals, the recursive RePEc impact factor of the outlet (the results are similar when different impact factors are used), the number of Google Scholar citations of the study discounted by study age (citations from Thompson or RePEc provide much less variation), and the number of RePEc citations of the co-author who is most frequently cited.
We also include a dummy variable for studies where at least one co-author is "native" to the examined country. We consider authors to be native if they either were born in the examined country or obtained an academic degree there. We hypothesize that such researchers are more familiar with the data at hand, which could contribute to the quality of analysis. To account for any systematic difference between the results of researchers affiliated in the USA (for our sample it usually means highly ranked institutions) and elsewhere, we add a dummy for studies where at least one co-author is affiliated with a US-based institution. Finally, publication date (year and month) is included to capture the publication trend: possibly the advances in methodology that are otherwise difficult to codify.
Although we have additionally codified other variables reflecting data and methodology (among others the degree of aggregation of the linkage variable and the number of input-output tables used), the variation in these variables is too low to bring any useful information.
To investigate the pattern of heterogeneity in the spillover literature, we add the explanatory variables listed in Table 4 into (3), and again divide the resulting equation by the standard error to correct for heteroscedasticity and add the random-effects component to account for within-study dependence. The multivariate meta-regression then takes the following form (Doucouliagos & Stanley, 2009; Cipollina & Salvatici, 2010) :
where x ij = (x 1ij , . . . , x pij ) is the vector of explanatory variables, β = (β 1 , . . . , β p ) is the vector of the corresponding regression coefficients, and the exogeneity assumptions are ζ j |Se(e ij ), x ij ∼ N (0, ψ) and ij |Se(e ij ), x ij , ζ j ∼ N (0, θ) . Here e 0 is conditional on x; that is, it represents the true effect in the reference case (x ij = 0).
The high degree of unbalancedness of the data makes a reliable testing of the exogeneity assumptions difficult. 11 Hence, as a specification check, meta-analysts usually employ OLS with clustered standard errors (Disdier & Head, 2008; Doucouliagos & Laroche, 2009 ). In the previous section, however, we have shown that the within-study dependence in our data is substantial and thus that OLS is misspecified. The principal problem with OLS is that it gives each estimate the same weight, which causes that studies reporting lots of estimates become overrepresented.
The mixed-effects multilevel model, on the other hand, gives each study approximately the same weight if the within-study dependence is high (Rabe-Hesketh & Skrondal, 2008, p. 75) .
For all specifications in our analysis, the significance of within-study dependence is confirmed by likelihood-ratio tests at the 1% level. Yet large differences between the estimates based on OLS and on mixed effects may signal a violation of the exogeneity assumptions, and we therefore report both models, although the mixed-effects model is preferred.
We begin by including all explanatory variables into the regression; this general model is not reported, but is available on request. The only substantial correlations appear between the structural country-specific variables, and all variance inflation factors are lower than 10, suggesting only slight multicollinearity. To obtain a more parsimonious model, we employ the Wald test and exclude the control (data, method, and publication) variables that are jointly insignificant at the 10% level, but keep all structural variables. The results for structural variables are reported in Table 5 ; the significant control variables are included in all regressions (the results for control variables are reported in Table A3 ). All structural variables are included in the specification reported in Column 1; the specifications in Columns 2 and 3 omit some of them to avoid the relatively high correlations (the highest one reaches 0.68), but the coefficients do not change a lot. The results are similar even if the effects of the country-specific variables are examined one by one in separate regressions.
There are two structural variables that are individually insignificant, and they are also jointly insignificant with the previously excluded control variables. Omitting all jointly insignificant variables yields our preferred "specific" model; that is, the model without redundant variables.
The specific model is then re-estimated using OLS with standard errors clustered at the study level. Although three structural variables become less significant using OLS (their p-values range between 0.1 and 0.2), the coefficients for all structural and control variables retain the same sign, which indicates that the mixed-effects model is correctly specified. Moreover, two of the three less significant structural variables become significant at standard levels when country-level clustering is used. The pseudo R 2 s of about 0.4 show that a lot of heterogeneity still remains unexplained. But such values are common for meta-analysis because of the microeconomic nature of the data (see, for instance, Disdier & Head, 2008) . All of the qualitative results are robust to the inclusion of outliers.
Our most important finding concerns the effects of the nationality of foreign investors on the 11 Fixed effects in the panel-data sense are generally inappropriate for meta-analysis since some studies report only one usable estimate; additionally, fixed effects make it impossible to examine the effect of study-level explanatory variables. As Nelson & Kennedy (2009, p. 358 ) put it: "The advantages of random-effects estimation [in meta-analysis] are so strong that this estimation procedure should be employed unless a very strong case can be made for its inappropriateness." Note: Standard errors in parentheses. Response variable: t-statistic of the estimate of semi-elasticity. All explanatory variables are divided by the standard error of the estimate of semi-elasticity. OLS = ordinary least squares with clustered standard errors. The intercept, precision, and variables controlling for methodology, data, and quality are included in all specifications (these results are reported in Table A3 ). * * * denotes significance at the 1% level.
magnitude of backward spillovers. The distance between the host and source country of FDI has a robustly positive and significant effect, which suggests that investors from far-off countries create more beneficial linkages. We thus corroborate the findings of , who report that American and Asian investors in Romania generate greater spillovers than European investors. Furthermore, our results indicate that a high technology gap between foreign affiliates and domestic firms impedes technology transfer. Since, however, a very low or even negative technology gap may leave little room for technology transfer, we also test for a possible quadratic relationship between spillovers and the technology gap. Contrary to the recent meta-analysis on horizontal spillovers by Meyer & Sinani (2009) , who use host-country-level data for GDP as a proxy of the technology gap and do not account for the difference between the host and source country, the quadratic term is insignificant and the linear specification fits the data better.
We find that firms in countries open to international trade benefit more from FDI, which corresponds to Meyer & Sinani (2009 The results suggest that the degree of protection of intellectual property rights is insignificant for the magnitude of spillovers. Better patent rights can attract more investors using advanced technology, but they also increase the costs of imitating foreign technology, and thus shrink the benefits. On the other hand, the degree of foreign ownership of investment projects is important.
The dummy variable for investments with full foreign ownership is consistently negative and significant, suggesting that projects with full foreign ownership generate lower spillovers than projects with partial ownership (according to the specific model the semi-elasticity is lower by about 0.22). The coefficient for the variable capturing partial ownership is positive but insignificant; the insignificance is, however, largely due to the connection with the variable capturing full foreign ownership. When we drop the variable for full foreign ownership from the regression (Column 2 of Table 5 ) the p-value corresponding to the variable for partial ownership decreases to 0.13. These findings are consistent with the negative effect of the technology gap on spillovers: fully owned foreign affiliates are likely to use more advanced technology, which increases the technology gap. Likewise, the smaller effect on domestic firms in service sectors is consistent with the importance of international experience for the adoption of spillovers.
Seventeen variables reflecting the characteristics of the data, specification, estimation, and quality are significant, suggesting that results depend on study design in a systematic way. The results of the multivariate meta-regression can be used to estimate the underlying semielasticity conditional on study design. Since the majority of researchers consider some aspects of study design misspecifications, we plug the preferred values of method dummies into the specific model. This approach is called the "best-practice" estimation. The best practice, however, is subjective as different researchers may prefer different methodologies. For simplicity, we define the best practice following Javorcik (2004a) , the study published in the American Economic Review: Javorcik (2004a) uses firm-level data, computes TFP by a method that accounts for the endogeneity of input demand, estimates the regression in differences, and control for sector fixed effects, sector competition, and demand in downstream sectors.
Furthermore, we extend the definition of the best practice to represent the "ideal" study.
We prefer studies published in refereed journals and studies with a co-author native to the investigated country. We plug in the sample maximums for study citations, author citations,
and average year of the data. Other variables, including all structural variables, are set to their sample means. In other words the best-practice estimate is conditional on some characteristics of data, methodology, and quality, but unconditional on the characteristics of host countries and FDI. The best-practice estimate of the underlying semi-elasticity, e 0 , reaches 1.07 and is significant at the 1% level with the 95% confidence interval (0.79, 1.35). The whole procedure yields similar results when outliers are included (1.12) or when OLS is used (1.06).
Therefore, taking into account publication bias and observable differences in data, methods, and quality, our preferred estimate implies that a 10-percentage-point increase in foreign presence is associated with an increase in the productivity of domestic firms in supplier sectors of almost 11%: a large, economically important effect. The estimate further increases to 1.24 if we plug in the sample maximum of publication date. The use of output instead of TFP as the response variable (e.g., lowers the estimate from 1.07 to a still highly significant 0.72. When all variables reflecting quality characteristics are set to their sample means, the best-practice estimate declines from 1.07 to 0.73. When additionally average data characteristics are considered, the estimate further diminishes to 0.62. Finally, when average methods are also plugged in, the estimate shrinks to 0.02 and loses significance at conventional levels. A mirror image of the best practice estimation (the only exception is that firm-level data are still considered) even gives a significantly negative estimate, −0.74.
Our analysis thus suggests that negative estimates are largely due to misspecifications.
Indeed, the best-practice estimates are positive and significant for all countries in the sample even if we consider the effect of fully owned foreign affiliates on domestic firms in service sectors.
The average estimate published in high-quality journals, compared with the average estimate in lesser journals or in working papers, is closer to our definition of best practice in all aspects of methods and data, which indicates that some of the journal preference for positive results is caused by the selection of higher-quality studies. It does not explain, though, the asymmetry of reported results.
A similar multivariate analysis, available on request, shows that no country-specific variable matters for the degree of forward spillovers, and that the best-practice estimate of forward spillovers is insignificant. These findings corroborate the view that backward linkages are more important than forward linkages. To illustrate the economic significance of the effects of distance and the technology gap on spillovers, consider the example of three source countries of FDI (the United States, Germany, and South Korea) and three host countries (Mexico, Romania, and China) reported in Table 6 .
The estimates are based on best practice and show that the same investment has different effects in different host countries. In Mexico the greatest spillovers are generated by Korean FDI followed by German FDI; investments from the nearby USA generate the least spillovers.
Since Mexico has a similar technology gap with respect to the USA and Germany, the difference between the estimated spillover effects, 0.64, is largely due to different distances. Likewise, the distance from Mexico to Germany is similar to the distance from Mexico to Korea, and the difference in spillovers, 0.57, is due to different technology gaps. When both effects are put together, one dollar of FDI from Korea creates more than twice as many benefits for domestic Mexican firms than one dollar of FDI from the USA. A similar interplay of distance and the technology gap can be observed for Romania and China. It follows that, under realistic conditions, the origin of FDI is economically important for the effect on domestic firms.
Conclusion
In a meta-analysis of data from 47 countries, we find robust evidence consistent with technology transfer from foreign investors to domestic firms in supplier sectors (backward spillovers), but no economically important effect on firms in customer sectors (forward spillovers) or in the same sector (horizontal spillovers). Similar to Görg & Strobl (2001) , we detect publication bias in the literature: positive or significant estimates are more likely to be selected for publication, especially in high-ranked journals. This upward bias is present only among the estimates of backward spillovers from journal articles; unpublished studies and estimates of forward and horizontal spillovers exhibit no selection. On the other hand, misspecifications tend to bias the results downwards.
The analysis brings three policy-relevant results. First, our preferred estimate suggests that a 10-percentage-point increase in foreign presence is associated with an increase in the productivity of domestic firms in supplier sectors of 11%. Such a strong spillover is consistent with subsidies for FDI. For example, if Haskel et al. (2007) used this estimate to calculate the per-job value of spillovers, the result would exceed the per-job value of recent subsidies.
Nevertheless, policy makers should exercise caution because the estimates capture more than externalities: studies on FDI spillovers do not account for possible compensations for the transfer of technology. An exception is , who additionally examine the influence of foreign presence on domestic profits and confirm the positive externality.
Second, greater spillovers are generated by FDI from distant countries with slight technological advantages over domestic firms. The results are in line with the theoretical model of Rodriguez-Clare (1996) and, in the case of distance, corroborate the findings of Javorcik et al. are active in more than one sector. All of these studies find that using the new measures results in stronger evidence of positive spillovers. These improvements, however, have so far been sparsely applied, and their examination in a meta-regression analysis is left for further research. Note: Spillover effects are estimated by the simple random-effects meta-analysis run separately for each study. SE = standard error. N = number of the estimates of spillovers taken from the study. * * * , * * , and * denote significance at the 1%, 5%, and 10% levels. 
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Note: Spillover effects are estimated by the simple random-effects meta-analysis run separately for each country. Meta-analyses for countries for which we have less than five estimates are not reported, but are available on request. Outlying observations are included. SE = standard error. N = number of the estimates of spillovers for the country. * * * , * * , and * denote significance at the 1%, 5%, and 10% levels.
a Austria, Belgium, Finland, France, Germany, Luxembourg, Netherlands, Norway, Sweden. b Albania, Georgia, Kazakhstan, Serbia. Note: Standard errors in parentheses. Response variable: t-statistic of the estimate of semi-elasticity. All explanatory variables are divided by the standard error of the estimate of semi-elasticity. OLS = ordinary least squares with clustered standard errors. Variables capturing structural heterogeneity are included in all specifications (these results are reported in Table 5 ). * * * , * * , and * denote significance at the 1%, 5%, and 10% levels.
